[1] An analytical runoff water quality model is developed for simulating polycyclic aromatic hydrocarbon (PAH) loading and transport via road runoff in an urban area. The model considers buildup and washoff processes of suspended solids in storm runoff and considers dissolved and particle-bound PAHs. Pollutant deposition and removal processes, which have typically been treated with a constant rate in previous models, are depicted as functions of relative humidity and wind speed to reflect the influence of meteorological conditions and are integrated into the pollutant buildup function. Pollutant input via rainwater and canopy throughfall from roadside trees is considered in the washoff model. The model is calibrated and verified with field data from an urban catchment in Beijing, China. The verification indicates that the runoff model is capable of providing results in good agreement with field measurements. A Monte Carlo framework is used to evaluate the uncertainty of PAH loading under various scenarios of atmospheric conditions.
Introduction
[2] With increasing catchment urbanization, runoff volume and pollutant loads can increase considerably to become a major source of impairment of surface water quality. Urban impervious surfaces such as roads and parking lots can be major contributing areas for micropollutants such as polycyclic aromatic hydrocarbons (PAHs) to aquatic environments and ecosystems [Motelay-Massei et al., 2006] . Hoffman et al. [1984] estimated that 36% of the PAH input into the aquatic environment was due to urban runoff, and the contribution was 71% for higher molecular weight PAHs. Effective control of PAHs in urban runoff is important to ensure human and ecosystem safety. Therefore, reliable runoff quality models that can quantitatively assess PAH loads in runoff are required. Although runoff models for suspended solids (SS) have been well developed in previous studies [Tomanovic and Makishimovic, 1996; Furumai et al., 2002] , there have been very few studies modeling loading and transport of PAHs in urban storm runoff.
[3] In terms of runoff quality models, various types of models have been presented in the literature. These models are based on different modeling approaches with various degrees of complexity. Generally, urban runoff quality models fall into two broad categories: deterministic models (including statistical and physically based) and probabilistic models. Deterministic models describe independent variables and predict dependent variables with specific values of certainty. Probabilistic models instead consider the possibility of occurrence of particular events and determine the likelihood of their occurrence. The derived probability approach has been widely employed in runoff quality modeling. For example, Loganathan and Delleur [1984] applied the derived distribution approach in evaluating the effect of urbanization on the frequency of pollutant loads from storm sewer overflows. Akan [1988] derived a mathematical frequency distribution for estimating the suspended solids load washed off from impervious surfaces in an urban catchment. Li and Adams [2000] developed analytical probabilistic models with derived probability distribution theory to analyze the runoff quantity/quality control performance of various combinations of storage/treatment systems. Chen and Adams [2007] developed closed-form analytical runoff water quality models for simulating urban catchment pollutant (suspended solids, total phosphorus, COD, BOD 5 and Fe) buildup and washoff processes.
[4] In an urban environment, PAH emissions from incomplete combustion of fuels, asphalt road erosion and tire wear are deposited onto road surfaces and transported to receiving waters through storm water runoff. PAHs are semivolatile organic contaminants, and may be present in the atmosphere in both gaseous and particle-bound phases. They can be deposited by dry and wet deposition. Both the accumulation and removal of PAHs are highly variable, depending on the type of surfaces and on meteorological parameters such as wind speed, rainfall intensity and amount, and antecedent dry period length [Krein and Schorer, 2000] .
[5] The objective of this study was to model the loading and transport of PAHs in urban runoff on the basis of an understanding of buildup and washoff processes, and the dependence of pollutant deposition and removal processes on meteorological conditions. The pollutant inputs from the canopy throughfall water from roadside trees and rainwater were considered in the washoff process. The model was then calibrated and verified with field data from an urban catchment in Beijing, China.
Model Development
[6] The model was developed on the basis of the assumption that PAHs in runoff are closely correlated with suspended solids (SS) during storm runoff. PAHs accumulate on urban surfaces via dry deposition of airborne particles that contain PAHs and partitioning of gaseous PAHs to particles already on the surfaces. Several studies have shown that these hydrophobic organic compounds are mostly attached to fine solids and particles in the aquatic environment and that partitioning of PAHs dissolved in the aqueous phase to the particle phase is very fast [e.g., Roger et al., 1998; Murakami et al., 2004] . In this study, the particle-bound PAHs accounted for approximately 85% of the total PAHs [Zhang et al., 2008] . Thus, the transport of SS in the urban catchment can be used to describe the transport of PAHs, assuming equilibrium partitioning. The model was developed in three steps: (1) construct a buildup and washoff model for SS, (2) determine the relationship between SS and PAHs, and (3) convert the SS model into a PAH loading and transport model on the basis of the relationship between SS and PAHs. An uncertainty analysis was conducted for PAH loading to investigate the variability of PAH loading under various atmospheric conditions.
Pollutant Buildup Process
[7] The buildup function in many previous studies was based on the assumption that the pollutant accumulated on catchment surfaces was completely washed off by the previous runoff event (e.g., no residual pollutant was available after the previous runoff washoff event). Alley [1981] pointed out that the residual pollutant remaining after the previous storm runoff should be considered in determining pollutant accumulation rates. This assumption was adopted by a number of other studies [Zhang and Yamada, 1996; Chen and Adams, 2007] . In this study, the formulation of the pollutant buildup model is based on the assumption that there is always a residual or initial amount of pollutant available after the previous runoff event. Pollutant buildup models may take different forms, such as linear, power, exponential, etc. The linear buildup concept is not always adequate in depicting the actual pollutant accumulation process in urban catchments. Nonlinear pollutant buildup was first established from field data collected by Sartor and Boyd [1972] , and they suggested an exponential relationship between the amount of solids available on the surface and the duration of the antecedent dry period. This concept has been employed in several subsequent studies [e.g., Behera et al., 2006; Deletic et al., 1997; Chen and Adams, 2007] . The exponential formulation is adopted in this study.
[8] The change of pollutant accumulation on a road surface can be described as follows [Zoppou, 2001] :
where M B is the amount of pollutant per unit area on the catchment surface (g m À2 ), T is the number of dry days since the last rainfall (day), a is the pollutant deposition rate (g m À2 d
À1
), and b is the pollutant removal rate (d
). [9] In previous studies, the pollutant deposition rate a and pollutant removal rate b were generally assumed to be constant [Behera et al., 2006; Kim et al., 2006] . However, many studies based on either wind tunnel experiments [Sehmel, 1971; Noll et al., 2001; McCready, 1986] or field sampling [Slinn and Slinn, 1980; Wu et al., 1992] have found that pollutant deposition and removal are significantly correlated with atmospheric parameters including wind speed, relative humidity, and antecedent dry days.
[10] In the present study, the pollutant deposition rate a and pollutant removal rate b are assumed to depend on the average wind speed, U (m s À1 ), and relative humidity, H (%), during the dry period of pollutant buildup. Atmospheric particles are deposited by several processes including eddy diffusion, Brownian diffusion, inertial effects, and gravity settling. Various formulations, including linear, power law and exponential functions, have been used to describe the relation between deposition and wind speed and/or relative humidity [e.g., Erisman and Draaijers, 2003; McCready, 1986; Hanel, 1982; Quinn and Ondov, 1998 ]. There is no best fit function for a that is superior over others. Noll et al. [2001] employed an exponential function to describe pollution deposition, and this function was tested by field sampling. Thus, pollutant deposition rate a is assumed to take the following function [Noll et al., 2001 ]:
where a, b, c and d are parameters that have no specific physical meaning and must be fitted on the basis of local information.
[11] Pollutant removal rate b is dominated by two mechanisms including bounce off and resuspension [McCready, 1986] . Bounce off may occur when the kinetic energy of the particle striking the surface is sufficiently large to overcome surface attraction forces. Resuspension of previously deposited material may occur when the lift forces are greater than the forces holding particles to the surfaces. According to wind tunnel experiments, Wu et al. [1992] suggested a power law form for pollutant removal:
where f, m and n also have no physical meaning and depend on local conditions. Substituting, rearranging and integrating (1),
where M 0 is the total residual amount of pollutant after the previous runoff (g m
À2
).
[12] M 0 has generally been considered constant in previous studies. However, the residual mass after a runoff event can be highly variable, depending on the washoff efficiency of the previous runoff. In this study, a continuous model that is suitable to simulate the washoff during a runoff event is employed to calculate M 0 . The continuous model was developed by Kim et al. [2005] . This model provides a smooth estimate of the concentration profile and can be used in lieu of discrete data points. Storm duration varies from event to event, which makes it difficult to predict concentration as a function of time. The model avoids the problem by using the normalized cumulative flow. In the present study, several samples were collected during a runoff event to calculate the normalized cumulative flow. Therefore, this model is employed to calculate residual mass after a previous runoff event [Kim et al., 2005] :
where V R,tÀ1 is the runoff volume of the previous event (m 3 ), and V NRi is the normalized cumulative volume of sample i in the previous event. When the model is applied for prediction, or the runoff volume for each sample is not recorded, V NRi can be obtained from historical statistics, which allows the model to be used under various conditions.
Pollutant Washoff Process
[13] Runoff volume is recognized as a major driving force for pollutant mobilization and transport in storm runoff. A number of studies have used an exponential washoff model, assuming pollutant washoff load depends on runoff volume [Behera et al., 2006; Deletic et al., 1997] . In the present study, the pollutant removal rate is assumed to be proportional to the runoff volume [Behera et al., 2006] :
where M R is the pollutant remaining on the surface during the target rainfall event (g m
À2
), V R is the runoff volume of the target event (m 3 ), and k is the pollutant washoff coefficient (m
À3
). The washoff mass is the difference between the total and remaining mass,
where M W is the mass of pollutant washed off per unit area during the target rainfall event (g m À2 ), and M R, M B and V R are all for the target rainfall event. During the washoff process, rainfall and canopy throughfall from roadside trees contribute pollutant input to runoff. Dickhut and Gustafson [1995] demonstrated that scavenging of airborne pollutant by rain is directly related to rainfall volume. Andronache [2004] reported that the particle content in rainwater is highly related to the length of the antecedent dry period. In the present work, it is assumed that the contribution of rainwater and canopy throughfall from roadside trees is determined by dry period and rainfall volume. In field sampling, it is difficult to separate the contributions of rainwater and canopy throughfall. Therefore, one term representing the combined pollutant input from rainwater and canopy throughfall is proposed. Previous studies utilized a canopy throughfall model that is an exponential function of rainfall volume [e.g., Calder et al., 1996] . Therefore, an exponential term is utilized to describe the pollutant input from rainwater and canopy throughfall in the following equation:
where R is the rainfall depth (mm).
[14] By combining the pollutant buildup and washoff models, a general form of the pollutant load model is obtained as
PAH Transport Model Based on SS Model
[15] Transport of PAHs in urban runoff rarely has been modeled. Since PAH compounds are sparingly soluble in water, they are thought to be mainly transported by particles in storm runoff [Roger et al., 1998; Murakami et al., 2004] . Previous studies demonstrated that absorption of organic pollutants on particles depends strongly on the organic matter content of the particles. The particle-water partition coefficient (K p ) that relates contaminant concentrations in particles and water is widely applied to predict PAH concentrations in dissolved phase from particle phase [Lane and Loehr, 1995] :
where K oc is the organic carbon partitioning coefficient (L g À1 ), f oc is the organic carbon fraction present in particles, C s,eq is the equilibrium PAH concentration in particles (ng g À1 ), and C w,eq is the equilibrium PAH concentration in water (ng L
À1
). The C s,eq and C w,eq consider also rain and canopy throughfall concentrations. Equation (10) is assumed to be valid for the wide range of PAHs commonly found in urban atmospheres, and needs to be applied to each PAH species separately.
[16] The value of K oc can be obtained from the literature or by estimation from the octanol-water partitioning coefficient (K ow ). Although there are several K oc À K ow correlations for PAHs in the literature, in the present study, K oc was measured from field samples. The loading of particle-bound PAHs, PAH solid (ng), can be expressed in terms of the SS load transported by runoff and C s,eq , summing up over all PAH species:
Assuming that (1) there was linear partitioning of the extractable organic matter between the coal tar particles and the aqueous phase, (2) equilibrium was reached at steady state, and (3) chemical or biological degradation processes are negligible during a runoff event, C w,eq can be estimated for each PAH species from C s,eq on the basis of the measured K oc and f oc :
From (11) and (12), the total PAH loading in runoff,
where A is the catchment area (m 2 ).
[17] Compared with the measurement of other organic parameters such as BOD and COD, analyzing PAHs in both dissolved and particle-bound phases is more costly and labor intensively. In the absence of field measurements, it would be beneficial to estimate PAH loading from SS loading on the basis of the partitioning behavior of PAHs. Furthermore, the loading prediction can also aid in assessing the effectiveness of BMPs that target SS for the control of PAHs in runoff. Equation (13) is based on concentration of particle-bound PAHs. However, once more field data are available, reliable relationships between PAHs and SS may be established to further improve the model application.
Model Calibration and Verification
[18] In an analytical runoff quality model, parameter calibration is generally difficult because many of the pertinent parameters are empirically derived and not strictly physically based. Among various fitting techniques, the Levenberg-Marquardt algorithm (LMA) is a widely used curve-fitting algorithm. LMA provides a numerical solution to the problem of minimizing a function, generally nonlinear, over the parameter space of the function. Minimization problems arise especially in least squares curve fitting and nonlinear programming. LMA interpolates between the Gauss-Newton algorithm (GNA) and the method of gradient descent. LMA is more robust than GNA, which means that in many cases it finds a solution even if it starts very far off from the final minimum.
[19] In the literature, the event mean concentration (EMC) is usually a preferred measure of storm water quality instead of the instantaneous concentration since pollutant EMC is relatively less dependent on runoff volume. The EMC is a flow-weighted average of pollutant concentration and defined as total pollutant load divided by total runoff volume. In this study, EMC was used for model calibration and verification. The sampling data were divided into two groups for model calibration and verification respectively. During the data division, care was taken to select data that covered a wide range of meteorological conditions for both purposes.
Sensitivity Analysis
[20] The response of model output to changes in model input can be investigated through a sensitivity analysis. A model is most sensitive to the parameters that produce the greatest model response. The Morris method, which assesses the impact on the output of changing one parameter value at a time, was applied for the sensitivity analysis [Morris, 1991] . This method has been widely used to isolate the most important factors from among a large number that may affect a certain response. In this study, the sensitivity of the model to various parameters was compared through the sensitivity coefficient S i [Zoppou, 2001] :
where Y and x i are the reference values for the output and input parameters, and DY and Dx i are the changes of Y and x i respectively. The sensitivity analysis does not consider the variability in a parameter. A highly sensitive parameter may have less influence on the reliability of a model than a much less sensitive parameter that has larger uncertainty.
Uncertainty Analysis
[21] The effect of the parameter variability on the model response can be assessed through an uncertainty analysis [Scavia et al., 1981; Zheng and Keller, 2007] . For complex models, uncertainty analysis based on numerical techniques is exclusively used. Zoppou [2001] summarized the widely used numerical reliability techniques, which include, in order of accuracy: (1) sensitivity analysis, (2) mean value firstorder second moment analysis, (3) point estimate method, (4) Monte Carlo simulation, and (5) Mellin transform. In the present study, an uncertainty analysis was conducted using Monte Carlo simulations, which calculates model results using input parameter values randomly selected from the estimated distributions. This method can present a more realistic depiction of the range and probability of outputs than separately varying each input parameter.
Study Area and Data Collection

Sampling
[22] Two years of storm runoff sampling were conducted in 2006 and 2007 in Beijing, China. Beijing is in a warm temperate zone with semiarid weather, and the rain season is mainly in spring and summer (from May to September). In 2006 and 2007, ten rain events were sampled with road surface runoff. Runoff samples were collected in each event in a composite residential and commercial catchment. In the catchment, three sampling sites were selected to represent different types of roads including the vehicle and bicycle lanes of a trunk (major) road and a branch road (Table 1) . Because industries have been relocated to the outskirts of Beijing, it would be possible to extend the findings of the selected sampling catchment to most of the urban area in Beijing. During sampling, auxiliary parameters including runoff rate, runoff volume, rainfall intensity, and rainfall volume were recorded simultaneously. Long-term atmospheric data including wind speed, relatively humidity, dry days, etc. were measured by the weather station at the Physics Department of Peking University, which is located close to one of the sampling sites.
[23] Runoff sampling was performed by automatic sampler (BC-9600, GRASP Technology, China) equipped with precleaned 3-L glass bottles. Ultrasonic Doppler sensors were used in the flowmeter (WL-1A, GRASP Technology, China) for volume flow rate measurement. The runoff sampler and flowmeter were deployed at the gully of the storm sewer system. The hollow steel sampling head (1.5 cm diameter) was submerged in the runoff to effectively sample particles in runoff. According to rainfall intensity, sampling was conducted at 5 -15 min intervals during the first hour and at 30 min intervals during the second and third hours. Rain and canopy throughfall were sampled simultaneously with runoff sampling. Rainwater was collected in aluminum containers and then transferred to precleaned glass bottles immediately. Canopy throughfall samples were collected 1 m above ground level under roadside trees (Sophora japonica). Road dust was sampled at the three runoff sampling sites using a vacuum cleaner prior to rainfall.
Laboratory Analysis
[24] Samples of runoff, rain and canopy throughfall were filtered through prebaked (450°C for 4 h) glass fiber filters (142-mm diameter and 0.7-mm pore size) in a stainless steel filter holder within 24 h after sampling. The filters were freeze dried for at least 72 h. After being freeze dried, the filters were extracted overnight with 100 mL of dichloromethane in a Soxhlet apparatus. The extracts were concentrated, solvent exchanged to hexane, and passed through an alumina:silica (1:2) column chromatography. The column was eluted with 20 mL hexane and then 70 mL of dichloromethane:hexane (20:50). The combined collected solvent was rotary evaporated.
[25] The dissolved PAHs were recovered by passing 1-L volume filtrate sample through a C18 extraction cartridge (6 mL, 0.5g, Supelco, USA). The cartridges were conditioned prior to use by washing five times with 10 mL of dichloromethane, activating three times with 6 mL of methanol, and then washing twice with 10 mL of deionized water. Samples were passed through the cartridges under vacuum. The trapped compounds were extracted from the sorbent cartridge with 10 mL of dichloromethane.
[26] Road dust samples were extracted in a Soxhlet apparatus for 20 h with 90 mL dichloromethane: acetone (1:1) mixture. The extracts were concentrated with a rotary evaporator, solvent exchanged to hexane, and then passed through a silica column. The column was eluted with 20 mL of hexane and 35 mL of dichloromethane. The solution was collected and then rotary evaporated.
[27] The final extracts of the runoff, rain, canopy throughfall and dust samples were concentrated to 1 mL, known quantities of internal standards 2-fluorobiphenyl and p-terphenyl-d 14 were added, and then transferred into vials before analysis. The concentrations of PAHs in the extracts were determined by an Agilent 6890 gas chromatograph (Agilent, USA) equipped with a 5973N mass selective detector. The identity of each PAH was confirmed using a standard PAH mixture (610/525/550 in methanol from Chem Service, USA) containing the 16 PAHs. The standard PAH mixture was analyzed in the GC/MS at full scan mode. An HP-5 silica fused capillary column (30 m Â 250 mm inner diameter Â 0.25 mm film thickness) was used with helium as the carrier gas at a constant flow rate of 1 mL min À1 . The oven temperature was programmed from 60°C to 280°C at a rate of 5°C min À1 and held at 280°C for 20 min. The following 16 USEPA priority PAHs were analyzed: naphthalene (NAP), acenaphthene (ANE), acenaphthylene (ACY), fluorene (FLO), phenanthrene (PHE), anthracene (ANT), fluoranthene (FLA), pyrene (PYR), benz(a)anthracene (BaA), chrysene (CHR), benzo(b)fluoranthene (BbF), benzo(k)fluoranthene (BkF), benzo(a)pyrene (BaP), dibenz(a, h)anthracene (DahA), indeno(l, 2, 3-cd)pyrene (IcdP) and benzo(g, h, i)perylene (BghiP).
Quality Control
[28] All data were subject to strict quality control procedures. Quantification was done using an internal calibration method. The samples were spiked with five surrogate standards (naphthalene-d 8 , acenaphthene-d 10 , phenanthrened 10 , chrysene-d 12 , and perylene-d 12 ). Surrogate recoveries were 52 ± 10% for naphthalene-d 8 , 66 ± 23% for acenaphthene-d 10 , 69 ± 28% for phenanthrene-d 10 , 72 ± 20% for chrysene-d 12 , and 78 ± 23% for perylene-d 12 with filtrate samples, were 62 ± 22% for naphthalene-d 8 , 71 ± 28% for acenaphthene-d 10 , 83 ± 27% for phenanthrene-d 10 , 81 ± 26% for chrysene-d 12 , and 87 ± 28% for perylene-d 12 with suspended particle samples, and were 63 ± 22% for naphthalene-d 8 , 81 ± 26% for acenaphthene-d 10 , 89 ± 21% for phenanthrene-d 10 , 90 ± 25% for chrysene-d 12 , and 80 ± 28% for perylene-d 12 with dust samples. For each batch of samples, two procedural blanks were processed, and all data were blank corrected. The relative percent difference for individual PAHs identified in method duplicate samples was <15%. The method recoveries were 22% to 106% for suspended particle samples, 41% to 117% for filtrate samples, and 58% to 101% for dust samples. The detection limits were 0.7 ng L À1 to 7.9 ng L À1 with suspended particle samples and 0.7 ng L À1 to 2.8 ng L À1 with filtrate samples for 1 L runoff samples, and were 2.6 ng g À1 to 22.8 ng g À1 with road dust for 0.4 g sample.
Results and Discussion
Parameter Calibration
[29] The sampling data from three sites were divided into two groups for model calibration and verification: Group I The SS loads simulated through the calibrated models are listed in Table S2 . The relative errors compared with the measured data are also listed in Table S2 . The agreement between the simulated and measured values was evaluated with the Nash-Sutcliffe coefficient [Nash and Sutcliffe, 1970] . A Nash-Sutcliffe coefficient equal to one indicates that the simulated value coincides well with the measured value. In 58% of the data the Nash-Sutcliffe coefficient was nearly 1.
Parameter Verification
[30] Eight sets of data were used for model verification. A comparison between observed data and simulated values is presented in Table S3 . The relative error and Nash-Sutcliffe coefficient showed that the simulated values fit the observed data well, with 7 out of 8 events exhibiting a Nash-Sutcliffe coefficient of nearly unity. The cumulative frequency distribution (CDF) of the models is compared with the CDF determined from the observed values (Figure 1) . The CDF of the pollutant buildup/washoff load establishes the magnitude-frequency relationship of the pollutant buildup and washoff load respectively. The analytically determined CDFs of the SS buildup and washoff load yielded reasonable agreement with the observed CDFs. The model developed in this study can be used to estimate SS loads in urban storm runoff, using local data for the parameter values.
[31] Buildup and washoff rates for suspended solids in runoff have been estimated by different researchers in various areas. Although the applied formulations and model fitting methods are different, the theoretical basis for the buildup and washoff models is similar. Therefore, it is worthwhile to compare the result of this study with the best fitted parameters in other studies. The comparison is presented in Table 2 . The buildup rate and washoff rate in this study is within the range of previous studies.
Verification of PAH Loading Model
[32] According to (13), the total PAH load is calculated on the basis of the concentrations of particle-bound PAH and the modeled SS loads (Table S4 ). The simulated and observed PAH loads are compared in Table S5 , and the CDFs are compared in Figure 2 . The modeled CDF yield reasonable agreement with the observed CDF, with some bias at higher PAH loads, reflective to some extent the bias in SS loads. The model can be used to estimate PAH loads for a wide range of runoff events.
Sensitivity Analysis
[33] A sensitivity analysis was performed to evaluate the model's sensitivity to each parameter. The results for the buildup model and washoff model are presented in Table 3 . Since rainfall volume and runoff volume are interdependent, only the sensitivity coefficient of runoff volume is presented.
[34] The sensitivity analysis showed that the relative humidity had the most significant influence on buildup and washoff, followed by wind speed. The negative relationship between model output and relative humidity can be explained by the local atmospheric condition in Beijing. A high level of relative humidity will increase the particle size and reduce the likelihood of atmospheric transport of particles, which is the main resources of atmospheric deposition in the local area [Zhang et al., 2007] . In addition, the reference value (the 2-year average) in the sensitivity analysis was H = 52%. An increase of relative humidity from 52% will increase particle deposition after emission from their sources.
[35] In Table 3 , wind speed also showed a negative influence on pollutant buildup and washoff. However, this depends largely on the reference value. For example, if the reference value is chosen as 0.8 m s À1 instead of 1.95 m s
À1
, then mass buildup and washoff showed positive relation with wind speed. While wind can transport solids that deposit, it can also remove the accumulated solids on the surfaces. When wind speed exceeds a certain level, removal dominates, otherwise deposition dominates. The specific level depends on local conditions. Actually, the impact of wind speed on the model output is not monotonic.
[36] For the influence of antecedent dry period, although a positive relationship is shown in Table 3 , the present field studies indicate that for a dry period exceeding 10 days, the mass accumulated will be essentially constant ( Figure S1 ). Similar results for the influence of dry period were also reported by Kim et al. [2006] . In their study, the net mass accumulation of total solids became nearly constant after 20 to 40 days. For washoff model, the output is most significantly sensitive with runoff volume. Runoff volume has a positive relationship with washoff load, which is easily understood as runoff volume is the driving factor for the washoff load.
Uncertainty Analysis
[37] The buildup and washoff of PAH is significantly influenced by atmospheric conditions including wind speed, relative humidity, dry period, and rainfall volume. Compared with other parameters in the model such as the organic carbon fraction and organic carbon partitioning coefficient, these parameters are highly variable for each pollutant buildup and washoff process, and cannot be deterministically predicted. Therefore, these parameters are considered as stochastic for the uncertainty analysis. Monte Carlo simulations were performed to estimate the probabilistic distribution of PAH loads, holding one parameter at a constant value and allowing the other stochastic parameters to vary. Normal or logarithmic normal distributions were assumed for the stochastic parameters. Table 4 lists the distribution type, mean, and the standard deviation of the stochastic parameters considered in the uncertainty analysis.
[38] By performing 1000 Monte Carlo simulation iterations, with a fixed value for the target input parameter, the PAH loads under various atmospheric conditions were obtained. The statistics of the PAH loads are summarized in Table S6 . The probabilistic distributions of the simulated PAH loads were derived as cumulative distribution functions ( Figure 3 ). As seen in Figure 3 , the PAH loads increase as wind speed increases from 0.5 m s À1 to 3 m s À1 , but decreases with wind speed from 3 m s À1 to 5 m s À1 . This is consistent with the sensitivity analysis result, indicating that PAHs accumulation and washoff does not monotonically change with wind speed.
[39] The significant decrease in PAH loads as relativity humidity increases from 20% to 80% is related to the atmospheric transportation of PAHs. Lower relative humidity, which favors the atmospheric transport of pollutant, will result in more pollutant accumulation and runoff load. PAH loads also increase with increasing antecedent dry period and rainfall volume. However, the increase in PAH load is minor when the dry period changes from 10 days to 20 days, indicating minor additional PAH accumulation beyond 10 days.
Application for Runoff Management
[40] Generally, application of the model requires meteorological data during dry days and characteristics of rainfall and runoff. For estimating PAH loading, the event mean concentration of particle-bound PAHs is also needed. If the model is used under conditions without observation data, or for predictive purposes, it is necessary to obtain the input data from historical statistics or weather forecast or other information. For example, the normalized flow rate will not be known if the model is used for prediction. Under this situation, the parameter can be estimated from previous storms. Kim et al. [2005] reported that the normalized flow rate is correlated to the average runoff velocity, or the average flow rate divided by the catchment area. The meteorological parameters, including dry period, relative humidity, wind speed, rainfall volume, and total runoff volume, can be estimated on the basis of weather forecast. In this section, the model application is demonstrated with monitored data from Beijing. In this case, the particle-bound PAHs concentration is monitored. The model application can be further improved once a reliable relationship between PAHs and SS in runoff can be established on the basis of sufficient field data through long-term observation. Further, the model can also be used for estimation or prediction of other pollutants if a quantitative relationship with suspended solids can be developed.
[41] Through Monte Carlo simulation, the PAH loading per unit area was calculated with values randomly selected for the parameters from their probability distributions. The average PAH loading during one runoff event is 109 mg m
À2
, and from 25% to 75% percentile the range was from 18 to 119 mg m
. According to the Urban Plan of Beijing City (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) (2017) (2018) (2019) (2020) , the total road area in Beijing city was 38.57 km 2 at the end of 2002, and is planned to be 71.18 km 2 in 2010. On the basis of the average loading rate, in 2002, the P 16 PAHs loading in runoff from the total road area in Beijing was estimated to be 4.2 kg per runoff event, and from 25% to 75% percentile the range was from 0.7 to 4.6 kg. in 2010. In 2010, the P 16 PAHs loading will be 7.7 kg, and from 25% to 75% percentile the range was from 1.3 to 8.5 kg (assuming the same unit loading rate). This flux is of similar magnitude to the runoff fluxes measured in the urban watershed of Le Havre, France, where MotelayMassei et al. [2006] found the annual PAH loading exported by urban runoff was 41.2 kg a À1 for P 14 PAHs. [42] In Beijing, the storm runoff is directly discharged into surface waters without treatment, and this presents a potential threaten to the urban water environment. Since the treatment of industrial and domestic wastewaters is highly efficient, the contribution of urban runoff is of concern. Because PAHs are mostly adsorbed on particles in the aquatic environment, in situ sedimentation of suspended solids, such as detention ponds, treatment wall systems, and mitigated wetlands, can be considered for abatement of PAH loads in road runoff before discharge. Among various options, the implication and efficiency of detention ponds has been widely discussed [e.g., Li et al., 2006] . Ruby [2004] found that the influent-to-effluent reduction of PAHs ranged from 65% to 90% after 36 h of holding storm water in the detention ponds. However, the construction of the ponds should be very site specific, in terms of space, ecological, technical and aesthetic reasons. The feasibility and efficiency of the treatment ponds for PAHs removal in road runoff water in Beijing city needs to be studied further.
Conclusions
[43] This paper presents a methodology for the developing an analytical urban runoff quality model for SS and PAHs. In the model, the pollutant deposition rate, removal rate, and contribution from rainwater and canopy throughfall from roadside trees are described as a function of physically based parameters, including wind speed, relative humidity, and runoff volume, as well as local parameters. On the basis of the assumption that PAHs in runoff are closely correlated with SS in runoff, and this association is relatively stable during transport, the model for SS in the urban runoff was used as a basis for modeling the transport and load of the PAHs.
[44] As a case study, the monitoring data from an urban catchment in Beijing was used for model calibration and verification. The sensitivity and uncertainty analyses showed that relative humidity, which had not been sufficiently considered in previous models, had a significant influence on the simulated SS and PAH loads. For pollutant buildup, the impact of wind speed is not monotonic. Monte Carlo simulations were performed to estimate the probabilistic distribution of PAH loads for various scenarios of atmospheric condition. The results indicate that a lower relative humidity will result in increased SS and PAH accumulation and runoff loads, since the particles will not aggregate as much and will transport further. Although the accumulation of PAHs on the surfaces depends on the length of the antecedent dry period, there is little increase in SS and PAH buildup and runoff loads beyond a 10-day accumulation period. The average P 16 PAHs loading in runoff from the total road area in Beijing was estimated to be 4.2 kg per runoff event in 2002, and 7.7 kg per runoff event in 2010 assuming a constant unit loading rate. The results from the case study reveal that with appropriately formulated pollutant buildup and washoff functions, an analytical runoff water quality model is capable of providing comparable results to observed data and can serve as an effective tool for storm water quality control analysis. 
